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In this paper, a novel local texture descriptor called Local Block Difference Pattern 

(LBDP) is proposed. In conventional LBP, the problem of sensitivity to intensity change 

usually constrains its practicality due to its pixel-based comparison in the encoding 

mechanism. Different from LBP, the proposed LBDP describes the local texture infor-

mation by extending the encoding mechanism from pixel-based comparison to 

block-based comparison so as to extracting more detailed information.  The discrimina-

tion capability of LBDP is thus enhanced because the difference of local structures and 

the similarity of neighboring blocks are both considered in the proposed encoding 

mechanism. Moreover, the proposed LBDP can decrease the influence resulting from 

intensity change because of the expanding of encoding range. The validity and excel 

performance of the proposed LBDP is demonstrated in the application of gait-based 

gender classification. In the experiments, CASIA dataset B is adopted for performance 

evaluation and the results demonstrate that the proposed LBDP outperforms the other 

local texture descriptors.    
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1. INTRODUCTION 
 

Pattern classification has long been intensively utilized in various applications. It is 

admitted that the most critical issue affecting the performance of pattern classification is 

the extraction of adequate and powerful features in representing the patterns to be classi-

fied. To respond to this need, a novel local texture descriptor called Local Block Differ-

ence Pattern (LBDP) is proposed to extract more detailed discriminative information 

embedded in an image. The proposed method derived mainly from the spirit of LBP [1] 

with totally different encoding mechanism so that it can enhance the discriminative capa-

bility and remedy the intensity change problem encountered in LBP.  

Since LBP is a computational inexpensive local texture descriptor, it attracts tremen-

dous attention of researchers as indicated in the survey paper [2]. Although LBP performs 

efficiently in the aspect of feature extraction, they still suffer from the intensity change 

problem. Abundant LBP-based modification methods were proposed to increase the dis-

criminative capability and remedy the intensity change problem. These methods can be cat-

egorized into three categories: robustness improving, discriminative capability improving, 

and neighborhood choosing.  

In the category of robustness improving, researchers aim at solving the intensity 

change problem encountered in LBP. Tan et al. [3] incorporated illumination normaliza-

tion with their proposed Local Ternary Pattern (LTP). Then, distance transform based 



 

  

matching is used for pattern matching. Liao et al. [4] proposed a dominant LBP method 

using the most appearance patterns for extracting inherited texture information embedded 

in the local feature descriptor. In [5], Ojala et al. proposed a gray scale and rotation in-

variant texture descriptor based on LBP in which the LBP codes were divided into uni-

form and non-uniform patterns. Zhou et al. [6] proposed a classifier which is obtained by 

incorporating the concept of structure analysis and occurring probability of non-uniform 

patterns. Fathi et al. [7] proposed a circular majority voting filter which can obtain more 

regular uniform and non-uniform patterns. The extracted local patterns are not only ro-

bustness against noise but also efficient for texture analysis. Jabid et al. [8] presented a 

Local Directional Pattern (LDiP) by taking the edge responding information in different 

directions into account for noise alleviation.  

In the category of discriminative capability improving, the locality information is 

intensively considered to improve the discriminative capability because LBP only con-

siders the difference between the center pixel and its local neighbors. Gau [9] proposed a 

Completed LBP (CLBP) to enhance the discriminative capability of LBP by dividing the 

difference of center pixel and its neighboring pixels into sign part and magnitude part. 

Then, CLBP feature map is generated by concatenating the two histograms formed by the 

two parts. As to LBP, it only uses the sign part to describe the structure information and 

ignores the discriminative capability generated by the magnitude part. Zhang et al. [10] 

proposed a Local Derivative Pattern (LDeP) to enhance the discriminative capability by 

treating LBP as the first-order derivative pattern. The nth order LDeP can be derived 

from the encoding of the nth order local direction variations. The high-order LDeP can 

hence describe more detailed local structure information than LBP. 

As to the category of neighborhood choosing, it manifests itself from the fact that the 

selection of suitable neighborhood, such as the size of neighborhood, the distribution of 

neighborhood, the number of neighborhood, and the form of neighborhood, severely af-

fects the performance of LBP. Li et al. [11] presented a Multi-Block LBP (MB-LBP) 

which compares the average intensity values of the center block with its neighboring 

blocks instead of just comparing the intensity values of the center pixel with its neigh-

boring pixels. Following the similar motivation, Wolf et al. [12] proposed a patch-based 

LBP which compares the distances between the patches instead of only single pixel. Liao 

and Chung [13] introduced a modified LBP using ellipse to represent local neighborhood 

instead of traditional circle. 

In this paper, a novel local pattern descriptor called Local Block-Difference Pattern 

(LBDP) is proposed to improve the discriminative capability while alleviating the inten-

sity change problem encountered in LBP simultaneously. To achieve these two goals, we 

encode the textures into LBDP codes via blocks instead of pixels. Due to the inherent 

nature of the proposed block-based difference encoding mechanism, the intensity change 

problem can be alleviated.  

The rest of this paper is organized as follows. In section 2, relating local texture de-

scriptors including LBP, LDiP, LDeP and MB-LBP are briefly reviewed. Section 3 pre-

sents the method of our proposed local block-difference pattern (LBDP) in obtaining the 

block-based texture information. Experiments were conducted on gait-based gender clas-

sification to verify the validity and demonstrate the excel performance of the proposed 

method. Finally, conclusions are given in section 5.  



 

  

2. LOCAL TEXTURE DESCRIPTORS 

In this section, four local texture descriptors including Local Binary Pattern (LBP) 

[1], Local Directional Pattern (LDiP) [8], Local Derivative Pattern (LDeP) [10] and Mul-

ti-Block Local Binary Pattern (MB-LBP) [11] are introduced. The Local Binary Pattern 

(LBP) is a very popular local texture descriptor which can effectively describe the texture 

of objects with low computational cost. The Local Directional Pattern (LDiP) uses edge 

detector masks to extract the magnitude of texture edge embedded in objects. As to the 

Local Derivative Pattern (LDeP), it is a high-order local texture descriptor which can 

extract high-order local information from local region. The main characteristic of Mul-

ti-Block Local Binary Pattern (MB-LBP) lies mainly on the encoding mechanism by 

comparing the difference between the mean intensity values of rectangular sub-regions 

instead of the difference between the intensity values of pixels. 

 

2.1 Local Binary Pattern (LBP) 

 

Local Binary Pattern (LBP) has been admitted to be a powerful feature in describing 

image texture. It is not only computational inexpensive but also scale and rotation invari-

ant. LBP features have been widely employed in many applications [14], such as face 

recognition and facial expression recognition. To obtain LBP, it first takes the value of 

each pixel as the threshold and then compares the value with the values of its p neighbor-

ing pixels with radius R. If the value is larger than the threshold, it is set as 1. Otherwise, 

it is set as 0. The LBP can be easily calculated by Equations (1) and (2). 
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Fig.1: Denotation of the 8-neighborhood gp surrounding center pixel 

where gc is the gray value of the center point(xc ,yc)and gp is the gray value of the pth 

pixel with radius R from gc as shown in Fig. 1. The values of the points surrounding the 

center point can be denoted by a P-bit binary code where P is usually set as 8. Ojala [5] 

found that a bit sequence with at most two changings from 0 to 1 or 1 to 0 is called a uni-

form pattern in the LBP binary pattern. Otherwise, it is called a non-uniform pattern. The 

uniform pattern always appears at the important position of an image so that it describes 

the local texture effectively and also rotation invariant. In our work, we only adopt uni-

form patterns in the LBP part to describe gait information. 

 

2.2 Local Directional Pattern (LDiP) 

 



 

  

Jabid [8] proposed Local Directional Pattern (LDiP) by calculating the responses 

between the masks in 8 different directions and the center block to substitute the pixel 

values in the corresponding positions of the center block. In the LDiP, it is an 8-bit binary 

code with each bit denoting the response between the mask in a specific direction and the 

center block. In their work, Kirsch masks with 8 directions (M0 – M7) is used for convo-

lution in calculating the response. After convolution operation, the responses m0，m1，…， 

m7 with mi denoting the convolution value between mask Mi and the center block are 

generated. 

 

 

 

 

 

 

 

Fig.2: Kirsch masks in generating the responses in the eight directions. 

An important issue in LDiP is the determination of parameter k which decides the 

number of maximum responses in encoding the LDiP. In other words, the pixels with the 

first k largest response values |mi| are set as 1 and the other (8-k) pixels are set as 0. The 

LDiP code can then be encoded by Equation (3). 
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Since the LDiP adopts the edge information instead of merely the intensity value of 

a single pixel, it will be more robust in resisting noises than the LBP. As shown in Fig.3, 

it is an example demonstrating its noise robustness over LBP. The example is a 33 

sub-block in an image added with Gaussian noise. Fig. 3(a) depicts the LBP codes before 

and after Gaussian noise added and Fig. 3(b) depicts the convolution results of LDiP 

codes before and after Gaussian noise added. From the figure, we can observe that the 8th 

bit of the LBP code will change from 0 to 1 and hence the pattern type will change from 

uniform to non-uniform. As to the LDiP code, it will remain the same which indicates its 

robustness over noise influence. 

Fig.3: Illustration of noise robustness of LDiP over LBP. (a) Sub-blocks and corre-

sponding LBP codes before and after Gaussian noise added, (b) sub-blocks after mask 

convolution and corresponding LDiP codes before and after Gaussian noise added. 
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2.3 Local Derivative Pattern (LDeP) 

 

Local Derivative Pattern (LDeP) proposed in [10] was derived from LBP with the 

difference that LBP encodes the relationship between center pixel and its neighboring 

pixels while LDeP extract high-order local information in a local region in recursive way. 

The first-order derivation of LDeP can be obtained by calculating the difference of two 

neighboring pixels in direction ( = 0o, 45o, 90o, 135o) as formulated in Equation (4). 

As to the second-order LDeP in direction, it is defined in equation (5) where ),( f  is 

a binary coding function determining the transition consistency of two neighboring pixels 

in  direction. It encodes the transition consistency between the two pairs of neighbor-

ing pixels in a derivative way as formulated in Equation (6). The second-order LDeP is 

then obtained as the concatenation of the encoded results of the four direction LDePs. 

Equation (7) formulates the generation of second-order LDeP. 
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The high-order LDeP can be written as a general formulation in Equation (8) and 

Equation (9). Then, high-order LDeP can be obtained as formulated in Equation (10). 
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2.4 Multi-Block Local Binary Pattern (MB-LBP) 

 

In the previous researches, the choosing of neighborhood including the number of 

neighboring pixels and the distribution of neighboring pixels is admitted as an important 

factor which might affect the performance of LBP. In LBP, the neighborhood is chosen as 

the 8 neighboring pixels surrounding the center pixel. Multi-block local binary pattern 

(MB-LBP) proposed by Zhang [11] extends the neighborhood from pixel to block by 

comparing the average intensity values of the center block with its neighboring blocks 

instead of just comparing the intensity values of the center pixel with its neighboring pix-

els. Equations (11) and (12) formulate the encoding of MB-LBP where gi is the mean 

intensity value of the ith sub-region (i =1…8) and gc is the mean intensity value of the 

center block. 
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Fig 4 is an example illustrating the generation of MB-LBP. Assume the black nu-

merals denote the intensity values of the six pixels in the upper-left block (6, 8, 8, 6, 7, 7). 

The average intensity value of the six pixels is 7 as denoted by the red numeral in the 

figure. The average intensity values of the other eight blocks can be calculated as denoted 

by the red numerals accordingly. The MB-LBP is then obtained by following the same 

LBP encoding procedure as (00111100). 

 
Fig.4: Example illustrating the generation of MB-LBP. 

 Since the calculation time of the mean intensity of a block can be neglected, 

MB-LBP is as computational efficient as LBP. It is not only computational efficient but 

also captures the large scale structure information and hence possesses higher discrimina-

tive capability than LBP. 

3. LOCAL BLOCK-DIFFERENCE PATTERN (LBDP) 

Since the encoding mechanism in LBP is merely simple pixel value comparison be-

tween the center pixel and its neighboring pixels, its performance will be easily influ-

enced by intensity change. To alleviate this problem, various methods have been pro-

posed as stated previously. Among them, Multi-block local binary pattern (MB-LBP) [11] 

extends the neighborhood from pixel to block by comparing the average intensity values 

of the center block with its neighboring blocks instead of just comparing the intensity 

values of the center pixel with its neighboring pixels. Following the similar spirit of 

MB-LBP, we propose a novel local block difference pattern (LBDP) by estimating the 

similarity of center block with its neighboring blocks to obtain local texture information. 

However, the encoding mechanism of our proposed LBDP is totally different from that of 

MB-LBP and the discrimination performance of LBDP is better than that of MB-LBP as 

will be stated in the experimental results. The step-by-step procedure in generating LBDP 

is stated as follows: 

Step 1: Get the center block and its pth neighboring block (p=1,…,8) with the block 

size being set as n (n is odd) in an image. The center block is an n×n block centering at 

the center pixel. As to the pth neighboring block with radius R, it is an n×n block with 

pixel pR locating at the center position of the n×n block. 



 

  

Step 2: Convert each block starting from left to right and then from top to bottom to 

a vector with n2 elements. The converted vector of a given center block is compared with 

the pth converted vector corresponding to its pth neighboring blocks with radius R. Obtain 

the difference vector between the center block and each of its neighboring blocks with 

radius R by calculating the difference of each pair of the n2 elements of the two converted 

vectors corresponding to the two blocks. 

Step 3: Convert the difference vector to a binary vector by checking the sign of each 

element of the difference vector. If the difference value of an element is larger than 0, it is 

set as 1. Otherwise, it is set as 0. 

Step 4: Transform the binarized difference vector obtained in step 3 to a binary val-

ue by thresholding the number of 1’s elements in the binarized difference vector. If the 

number of elements with value 1 is larger than a given threshold, the binarized difference 

vector is transformed to encoded value 1. Otherwise, it is transformed to encoded value 0. 

The threshold value is selected as at least larger than half of the number of elements, say 

as 5.  

Step 5: The encoded binary value formed by the center block and its pth neighboring 

block is the representative value of the pR neighboring pixel of the center pixel. The 

LBDP of the center pixel is then obtained as (1R, 2R, 3R, 4R, 5R, 6R, 7R, 8R).  

Step 6: Similar to [15], convert the LBDP of each pixel in an image into a decimal 

value and divide the image into m×m non-overlapping sub-regions. Form a histogram of 

each sub-region by accumulating the decimal values of all pixels in the sub-region. An 

image descriptor can then be obtained by concatenating the histograms of all m2 

sub-regions to be used as the feature for gender classification.  

The LBDP can now be formally formulated by Equations (11) and (12). 
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where
R
CB  is a given center block with radius R centering at the center pixel, and

R
PB is 

the pth neighboring block with radius R centering at pR. Fig.5 is an example illustrating 

the generation of LBDP. Let the center block be denoted as C and its eight neighboring 

blocks with radius R be denoted from 1R to 8R. In LBP, it focuses mainly on the center 

pixel and its neighboring pixels which means that LBP only concerns the relationship 

between the center pixel and its eight neighboring pixels in the center block. Since the 



 

  

encoding strategy of LBP is pixel-based, noises tend to contaminate the original image 

and hence results in different LBP codes. To alleviate the noise effect, we extend the en-

coding relationship from pixel-based to block-based so that it can tolerate the variation 

caused by the intensity change. The block size in our proposed LBDP can be varied, 

whereas the block size n is usually fixed as 3 in other local texture descriptors. The im-

pact of block size n on discrimination performance will be further analyzed in the exper-

imental section. Now, let us take block C and block 13 in Fig. 6 as an example to explain 

how to extract the feature of LBDP. Assume the block size is 3. The center block is a 3×3 

block centering at the center pixel. As to the pth neighboring block with radius R, it is a 

3×3 block centering at pR. The intensity values of the pixels in block C and block 13 can 

be viewed as a vector with 9 elements and the two vectors are (21, 12, 53, 45, 50, 41, 54, 

38, 59) and (11, 21, 23, 46, 54, 66, 71, 82, 79), respectively. The difference vector can be 

obtained by subtracting vector C from vector 13 element by element which is (10, -9, 30, 

-1, -4, -25, -17, -44, -20). Then, convert the difference vector to a binary vector by 

checking the sign of each element of the difference vector. If the difference value of an 

element is larger than 0, it is set as 1. Otherwise, it is set as 0. In this example, the differ-

ence vector can thereby be converted to a binary vector (1, 0, 1, 0, 0, 0, 0, 0). The next 

step is to transform the binarized difference vector to a binary value by thresholding the 

number of 1’s elements in the binarized difference vector. If the number of elements with 

value 1 is larger than a given threshold, the binarized difference vector is transformed to 

encoded value 1. Otherwise, it is transformed to encoded value 0. Assume the threshold 

value is selected as 5 here which is the value just larger than half of the number of ele-

ments in the vector. The binarized difference vector will hence be transformed to encoded 

binary value 0 which is the encoded value of 13 in generating the encoded decimal value 

of LBP. The encoded values of the other pR neighboring blocks 23, 33, 43, 53, 63, 73, and 

83 can be obtained following the same procedure. Finally, the encoded values of the 8 

neighboring blocks of the considered center block are encoded to a decimal value by 

converting the encoded vector (13, 23, 33, 43, 53, 63, 73, 83) to decimal. 

 

 

 

 

 
 
 
 
 
 
 
 
 

 
 
 

Fig. 5: Illustration of the center block and its neighboring blocks. 
 

The discriminative capability of the proposed LBDP can be enhanced because our 

encoding strategy considers the relationship by extending from pixels to blocks. Assume 

two local regions are (51, 51, 51, 49, 50, 49, 51, 49, 49) and (151, 151, 151, 149, 150, 



 

  

149, 151, 149, 149), respectively. It is apparent that the structures of the two regions are 

different. In LBP encoding mechanism, the two regions will be encoded with the same 

decimal code. The reason is that LBP only uses the sign part of the difference between 

the center pixel and its neighbors. In our proposed LBDP, it estimates the similarity of a 

center block and its neighboring block by taking the two blocks as two vectors and utiliz-

ing all elements to involve in the evaluation of the similarity between blocks. Moreover, 

the effect of intensity change can also be alleviated because it can be more or less ab-

sorbed by the block-based encoding procedure. 

 
 

 

 

 

 

 

 

 

 

 

 

Fig. 6: Example illustrating the procedure in extracting the LBDP of 13. 

Now, let us discuss the intensity change problem that usually bothers traditional 

LBP-based methods. Let us take Fig. 7 as an example to explain why LBDP can decrease 

the influence of intensity change. In Fig.7, assume the pixel in the g8 position is changed 

by noise from 53 to 38. The LBP code will be changed from 1 to 0. As to our LBDP en-

coding mechanism, it relies mainly on the evaluation in estimating the similarity between 

the center block and its neighboring blocks. Without loss of generality, the intensity 

change due to noise only occurs at the position of the center block and the intensity does 

not change at the neighboring blocks. Noise might change only the binary pattern of the 

center block while leaving the other neighboring blocks unchanged and hence more or 

less tolerate the influence of noise. 

Fig. 7: An example illustrating the influence of intensity change 

4. EXPERIMENTAL RESULTS 

 

In this section, experimental results are demonstrated to verify the validity of our 

proposed approach in the application to gender classification. In the past, abundant 

methods for gender classification have been proposed in the literatures [16]-[19]. How-
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ever, most of these methods were implemented based on frontal face images for gender 

classification. In practical environments, frontal faces are usually difficult to be extracted 

from the images. Hence, gait-based gender classification [20] is an alternative to achieve 

the goal. In this paper, the proposed LBDP is employed on gait-based gender classifica-

tion for practical considerations. In the experiments, the benchmark database, CASIA 

dataset B, is adopted to evaluate the classification accuracy of our proposed LBDP and 

four stat-of-the-art methods including LBP, LDiP, LDeP, and MB-LBP. The CASIA da-

taset B consists 124 objects whose ages are between 20 to 30 years old with 93 males and 

31 females in this dataset. The objects walked leisurely through a small space 10 times 

and the video clips were captured from 11 cameras. In addition, each observer was asked 

to wear three kinds of dressings including normal dressing, wearing a coat, and carrying a 

bag. The cameras were set up surrounding the observer in an interval of 18 degree angles. 

In the experiments, 31 males and 31 females were chosen to conduct gait-based gender 

classification. The 31-folds cross-validate is used in this study in which each fold con-

tains one male and one female with 6 videos used as the testing samples and the others 

used as the training samples. 

Before formally addressing the performance comparison, the procedure of 

gait-based gender classification in the experiment is described first. Illustrated in Fig. 8 is 

the flowchart of the applying of our proposed LBDP in gait-based gender classification.   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

Fig.8: Flowchart of gait-based gender classification 

First, foreground objects from training images are detected by using a background 

subtraction method. The background model is constructed by averaging the first K frame 

images. The foreground object can then be obtained by differencing with the background 



 

  

Radius 

model. If the difference value is larger than the standard derivation of the first K frame 

images, the pixel will be viewed as foreground, and vice versa. Then, Otsu’s au-

to-threshold technique [21] is utilized to extract the binary images of foreground objects. 

To cope with scale variation problem, the foreground object is normalized to a fix size of 

160 by 100. Next, gait energy image (GEI) is generated from the silhouette images of a 

gait sequence. Here, the swing distance [22] is adopted to estimate the gait cycle [23] [24] 

and the proposed LBDP is thereafter manipulated on the GEI to extract discriminant tex-

ture features. With the extraction of GEI features, support vector machine (SVM) is em-

ployed to train the gender classifier. Last, the gender is classified by the trained SVM 

classifier.  

A simple experiment is firstly conducted to illustrate the impact of different LBDP 

parameter settings. From experimental results, we can find that the two parameters, block 

size and radius, have great impact on the performance of gender classification. Table 1 

and Fig.9 tabulate the classification performances of different parameter settings of block 

size n and radius R. 

 

Table1: Tabulation result of gender classification with different parameter settings. 

block size R = 1  R = 2 R =3 R = 4 

n = 3 95.97 97.31 97.04 96.24 

n = 5 96.77 96.77 96.24 96.24 

n = 7 97.31 96.51 96.51 95.97 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

   Fig.9: Pictorial result of gender classification with different parameters settings. 

From Table 1, we can observe that the best recognition rate is 97.31% with block 

size and the radius being set as 3 and 2, respectively. 

Next, experiments were conducted to demonstrate the performance comparison of 



 

  

different local texture descriptors and the results are tabulated in Table 2. From Table 2, 

the classification rates of four different local texture descriptors: LBP, LDiP, LDeP, and 

MB-LBP are 95.97%, 95.69%, 95.97% and 96.51%, respectively. Here, we not only 

compare the four local texture descriptors but also compare the other four state-of-the-art 

methods. We can find that the proposed method attains the best classification perfor-

mance than all other methods. 

 

Table 2: Comparisons of different algorithms 

Local texture descriptors Recognition rate 

LBP 95.97 

LDiP 95.69 

LDeP 95.97 

MB-LBP 96.51 

Li et al.[25]  93.28 

Yu et al.[26] 95.97 

Hu et al.[27]  96.77 

The proposed LBDP 97.31 

 

Last, experiments were conducted to analyze the influence of intensity change.  

Different levels of Gaussian noises (with zero mean and different variances from 0.1 to 

0.4) are firstly added on the GEI. The performance of our proposed LBDP is then com-

pared with the performances of LBP, LDiP, LDeP, and MB-LBP on gender classification. 

Fig. 10 illustrates the GEI with different levels of Gaussian noises added. The classifica-

tion results are shown in Table 3 and Fig.11 where the symbol v denotes the variance of 

the added Gaussian noise. The results demonstrate that the performances of all methods 

decrease when the variance increases. However, our proposed LBDP still possesses better 

performance than the other methods except MB-LBP. The performance of noise robust-

ness of our proposed method is competitive to that of MB-LBP. 

 

 

Fig.10: GEIs with different levels of Gaussian noises added. 



 

  

variance 

 

Table 3: Tabulated classification result illustrating the effect of Gaussian noise 

added with different variances. 

algorithm Original  v = 0.1  v = 0.2 v = 0.3 v = 0.4 

LBP 95.97 92.47 91.94 90.05 89.78 

LDiP 95.69 86.29 84.41 73.12 68.01 

LDeP 95.97 86.56 82.80 81.18 78.49 

MB-LBP 96.51 94.89 93.28 91.13 89.78 

LBDP 97.31 94.35 93.55 90.05 89.78 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

Fig.11: Pictorial classification result illustrating the effect of Gaussian noise added 

with different variances. 

 5. CONCLUSIONS 

In this paper, a novel local texture descriptor, Local Block Difference Pattern 

(LBDP), is proposed. The main contribution of this paper is that the proposed LBDP can 

extract more detailed texture information while enhancing the discriminative capability. 

Moreover, the LBDP can alleviate the problem of sensitive to intensity change suffering 

in LBP. Experiments were conducted on gait-based gender classification to verify the 

validity of our proposed method. Some state-of-the-art methods including LBP, LDiP, 

LDeP, and MB-LBP are used to compare the classification performance with our pro-



 

  

posed LBDP. Experimental results demonstrate that the proposed LBDP can extract more 

discriminative information and decrease the influence of intensity change than the other 

local texture descriptors. In the future, we will employ other operators or similarity 

measurements, such as “add” or kernel function, to enhance the proposed model. 
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